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a b s t r a c t 
Access to antiretroviral therapy (ART), universally provided in Brazil since 1996, resulted 
in a reduction in overall morbidity and mortality due to AIDS or AIDS-related complica- 
tions, but in some municipalities of Rio de Janeiro, AIDS incidence remains high. Public 
health surveillance remains an invaluable tool for understanding current AIDS epidemio- 
logic patterns and local socioeconomic and demographic factors associated with increased 
incidence. Geographically Weighted Poisson Regression (GWPR) explores spatial varying 
impacts of these factors across the study area focusing attention on local variations in 
ecological associations. The set of sociodemographic variables under consideration revealed 
signiﬁcant associations with local AIDS incidence and these associations varied geograph- 
ically across the study area. We ﬁnd the effects of predictors on AIDS incidence are not 
constant across the state, contrary to assumptions in the global models. We observe and 
quantify different local factors driving AIDS incidence in different parts of the state. 
© 2016 The Authors. Published by Elsevier Ltd. 
This is an open access article under the CC BY-NC-ND license 
( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 1. Introduction 
Access to antiretroviral therapy (ART), universally pro-
vided in Brazil since 1996 ( Dourado et al., 2006 ), resulted
in a reduction in morbidity and mortality due to AIDS
or AIDS-related complications ( SES/RJ, 2013 ). From the be-
ginning of AIDS epidemic in the 1980 s until June 2014,
757,042 cases have been reported in Brazil. Over the past
few years the total number of new AIDS cases has been∗ Corresponding author at: Biomedical Engineering Program, Universi- 
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( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). stable in the country, but in some of its Federal Units the
incidence remains high, e.g., the State of Rio de Janeiro,
which reported many of the ﬁrst cases in the country and
continued accounting for high AIDS occurrence during the
last decades ( MS, 2013 ). 
Given the high AIDS incidence in Rio de Janeiro, surveil-
lance and targeted prevention remain essential for achiev-
ing better control of the epidemic. Thus, public health
surveillance remains an invaluable tool for our understand-
ing of AIDS epidemiologic patterns. In this regard, Geo-
graphical Information Systems (GIS), analytical, and spa-
tial methods have been increasingly applied in ecological
studies as a tool for analysis and visualization of spatial
patterns in epidemiologic diseases ( Moore and Carpenter,
1999; Robinson, 20 0 0 ). article under the CC BY-NC-ND license 
86 A.T.J. Alves et al. / Spatial and Spatio-temporal Epidemiology 17 (2016) 85–93 
 Geographical clustering of new HIV infections is a com- 
mon phenomenon, particularly in urban areas ( Shacham 
et al., 2013 ). High AIDS incidence, which was observed 
in the metropolitan region of Rio de Janeiro State, can 
also be seen in other metropolitan areas, such as in 
some urban regions of South Africa ( Manda et al., 2012 ), 
the metropolitan area of Atlanta ( Hixson et al., 2011 ) 
and another 11 large urban areas in the United States 
( Hall et al., 2010 ). 
Some studies indicate that higher AIDS incidence tends 
to occur not only in urban areas, but also in vulnerable 
and poorer neighborhoods ( Greco and Simão, 2007; Hix- 
son et al., 2011; Shacham et al., 2013; Pires et al., 2014 ). 
For example, in the city of São Paulo – Brazil, AIDS inci- 
dence increased from 1981 to 1995, but also shifted be- 
tween socioeconomic categories, reﬂecting a complex pro- 
cess in which the burden of disease progressively shifted to 
the poorest and most marginalized segments of the global 
population ( Antunes et al., 2005 ). It has been suggested 
that poverty may increase the vulnerability to HIV infec- 
tion since it hinders access to information, preventive mea- 
sures and healthcare ( Alves and Nobre, 2014 ). In fact, a 
large disparity still exists in the state of Rio de Janeiro, 
where low-income communities are characterized by so- 
cial inequality and millions are marginalized. Other studies 
point to variables that may be related to or help explain 
regional AIDS incidence, such as the Human Development 
Index – HDI ( Grangeiro et al., 2010 ), the urbanization rate 
( El-Asfahani and Girvan, 2008 ), and the level of education 
( Fonseca et al., 20 0 0 ). 
Local modeling approaches, such as Geographically 
Weighted Regression (GWR) and Geographically Weighted 
Poisson Regression (GWPR), allow exploration local spatial 
associations but, just as in the aspatial setting, are differ- 
ent modeling frameworks – GWR assuming Gaussian out- 
comes ( Fortheringham et al., 2002 ) and GWPR assuming 
Poisson counts which is more appropriate for the modeling 
of small area disease rates, especially where local expected 
number of observations is low ( Nakaya et al., 2005 ). GWPR 
has been used, for example, to depict spatial variations 
in associations between health access, disease counts and 
risks, incidence rates, mortality risks and sets of socioe- 
conomic characteristics ( Nakaya et al., 2005; Cheng et al., 
2011; Comber et al., 2011; Weisent et al., 2012; Odoi and 
Busingye, 2014 ). These studies explored the spatial pattern 
in the associations between a health outcome and a set of 
socioeconomic variables, and increase our understanding 
of how health issues can be related to surrounding socioe- 
conomic conditions, and how geography inﬂuences these 
associations. 
While geographic variation in AIDS incidence is well- 
documented, the aim of this study is to explore the spatial 
patterns in the associations between local AIDS incidence 
and a set of socioeconomic and demographic variables us- 
ing GWPR ( Nakaya et al., 2005 ). Our goal is to identify 
how the strength of association between local AIDS inci- 
dence and each of our local covariates varies across our 
study area. Areas of particularly high association provide 
opportunities for focused education and prevention efforts 
as well as additional research seeking explanations for the 
variations. 2. Study area 
Our study area contains the State of Rio de Janeiro, 
located within the Southeast Brazilian macro region. Rio 
de Janeiro is one of the smallest states in Brazil, with an 
area of 43,653 km ². It is, however, the third most populous 
Brazilian state with approximately 16.4 million residents in 
2014, and second across Brazil in terms of Gross Domestic 
Product, preceded only by São Paulo. The state capital is 
the city of Rio de Janeiro, which together with neighboring 
municipalities forms the second largest metropolitan area 
in Brazil, with about 11.8 million inhabitants. 
The ﬁrst cases of AIDS in Brazil were detected in the 
cities of Rio de Janeiro and São Paulo in the early 1980 s 
( Castilho et al., 1994 ), and most new cases continue to be 
reported there. AIDS incidence has stabilized during the 
last 10 years, with a particular reduction of new cases in 
the Southeast macro region ( MS, 2013 ). In spite of this 
overall reduction, however, the incidence of AIDS cases 
remains high in Rio de Janeiro, which currently has the 
fourth highest AIDS incidence among the Brazilian states, 
the second largest AIDS mortality rate in the country and 
the highest incidence in the Southeast ( MS, 2013 ). In 2011, 
the reported AIDS incidence in Brazil was 20.2 cases per 
10 0,0 0 0 ( MS, 2013 ). In the same year, many of the mu-
nicipalities of Rio de Janeiro, especially those from the 
metropolitan region, reported higher local incidence than 
the national rate. 
Although located in the most industrialized macro re- 
gion of the country, the state of Rio de Janeiro has hun- 
dreds of low-income communities. The 92 municipalities 
in the state are very heterogeneous, and, even at the mu- 
nicipal level, great disparity still exists between the richest 
zones and the most poor and vulnerable peripheries. 
3. Data source 
Until June 2014, the epidemiologic surveillance of 
HIV/AIDS in Brazil was based on compulsory notiﬁcation 
of AIDS cases (rather than HIV infection) through the In- 
formation System for Notiﬁable Diseases (Sistema de In- 
formação de Agravos de Notiﬁcação – SINAN). Only peo- 
ple who have already developed AIDS, HIV-positive preg- 
nant women and children exposed to the risk of vertical 
transmission, were included on mandatory AIDS case re- 
porting. But the country has recently extended its manda- 
tory notiﬁcation system including HIV infection, which, 
from 2014, will provide qualiﬁed data around HIV/AIDS 
epidemic, driving new prevention effort s. 
All Brazilian municipalities use standardized instru- 
ments for notiﬁcation of newly diagnosed cases of AIDS. 
The deﬁnition criteria used is based on a CD4 count below 
350/mm 3 , diagnosis of opportunistic diseases, or a scor- 
ing system for symptoms and laboratory parameters. Since 
2004 the following four information systems are used for 
monitoring data related to the epidemic: SINAN, Mortal- 
ity Information System (Sistema de Informação sobre Mor- 
talidade – SIM), Laboratory Tests Control System (Sistema 
de Controles de Informações Laboratoriais – SISCEL) and 
Medication Logistics Control System (Sistema de Controle 
Logístico de Medicamentos – SICLOM). 
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 The dataset used in this study includes all cases of AIDS
reported to the Brazilian Ministry of Health by the 92 mu-
nicipalities of the State of Rio de Janeiro, after cleaning and
linkage of the above four information systems by the State
Health Department ( SES/RJ, 2013 ). Data were obtained ac-
cording to the year of diagnosis and patient place of res-
idence. We examined the 3-year average number of AIDS
cases observed between 2009 and 2011 rather than the to-
tal number of cases observed in 2010 in order to reduce
biases due to delayed reporting and also reduce local vari-
ability in estimated AIDS incidence, which can be affected
by small numbers of residents in some regions. 
In State of Rio de Janeiro, the 3-year average number
of AIDS cases between 2009 and 2011 was equal to 5143
cases. In its 92 municipalities, this same average ranges
from 0 (zero) to 2624. The municipality of Rio de Janeiro
accounts for about 50% of the total cases in the State, with
41.5 cases per 10 0,0 0 0 population. In the State of Rio de
Janeiro, the reported AIDS incidence for this same period
was 32.2 cases per 10 0,0 0 0 ( SES/RJ, 2013 ). 
We obtained information about the resident popula-
tions of the municipalities from the 2010 Census, pro-
vided by the Brazilian Institute of Geography and Statistics
(IBGE). A digital map of the State of Rio de Janeiro was also
obtained from IBGE. 
We considered the following municipal indicators to
help us to understand patterns in the local number of AIDS
cases: the Gini index – IndGini (a measure of income in-
equality), urbanization – Urban (urban population divided
by the total population in each municipality), income per
capita – Incpc, and a vulnerability index – Vulner (de-
ﬁned as the percentage of the local population with house-
hold income per capita less than or equal to half the cur-
rent minimum wage), all for the year 2010 and obtained
from the IBGE. Finally, we also considered the Education
component of the Municipal Human Development Index –
HDIEdu for the year 2010, obtained from the United Na-
tions Development Programme (UNDP). 
Unfortunately, the data set used in this study is only
available at the aggregate level, potentially masking com-
plex situations in each municipality and hindering the un-
derstanding of local AIDS epidemic patterns. Still, many
demographic data utilized in studies of public health are
only available in aggregate for enumeration units associ-
ated with the decennial census, which is also the case of
this study. In epidemiology and public health, aggregated
areal data is the most common due to the diﬃculty in pre-
cisely locate an event in health, the need to create mean-
ingful units for analysis and, on the other hand, the need
to consider ethical and conﬁdentiality aspects ( Waller and
Gotway, 2004 ), which occurs in HIV/AIDS studies, for ex-
ample. 
4. Methods 
Regression models allow analysts to explore associa-
tions between disease outcomes and hypothesized risk fac-
tors. Regression methods estimate relationships between
a dependent variable and a set of independent variables.
When we apply regression to spatial data, we typically
assume these relationships (as estimated by regressionslope parameters) are constant across all locations, i.e.,
the associations are spatially stationary . In contrast, GWR
( Fotheringham et al., 2002 ) directly allows potential non-
stationarity in these effects, i.e., GWR allows estimated re-
gression associations to vary smoothly across the study
area. To accomplish our goal, at each location we use
weighted estimation wherein we weight nearby observa-
tions more heavily than we weight more distant ones, mo-
tivated by Tobler’s First Law of Geography – everything is
related with everything else, but closer things are more re-
lated ( Tobler, 1970 ). Geographic weights are commonly as-
signed using a smoothly decaying kernel function of dis-
tance such as a Gaussian Kernel ( Eq. 1 ) or a bi-square
Kernel ( Eq. 2 ). The Gaussian kernel weight function con-
tinuously and gradually decreases from the center of the
kernel, but never reaches zero. The bi-square kernel has
a clear-cut range where kernel weights are non-zero. It is
more suitable for when one seeks a deﬁnitive local extent
for model ﬁtting. 
w i j = exp 
(
−d 
2 
i j 
G 2 
)
(1)
w i j = 
{ (
1 − d 2 i j 
G 2 
)2 
d i j 〈 G 
0 otherwise 
(2)
Where w i j is the geographical weight assigned to the
i th observation at a regression based at point j in the study
area (referred to as the j th regression location), d ij is the
Euclidean distance between observation i and regression
location j , and G is a ﬁxed bandwidth size deﬁned by a dis-
tance metric measure. The bandwidth controls the rate at
which weights decay with increasing distance. When the
bandwidth is large, the weights decay slowly; when the
bandwidth is small, the weights decay rapidly. In terms
of inﬂuencing the ﬁt of the model, the choice of a band-
width is more important than the shape of the kernel
( Fotheringham et al., 2002 ). 
As an alternative to the weighting scheme in Eqs.
(1 and 2 ), we can also use an adaptive kernel, where the
bandwidth is not ﬁxed and number of areas included in
the kernel is kept constant. This weighting scheme is use-
ful in the case that there is a large variation in the ge-
ographical density of the observed data ( Fotheringham et
al., 2002 ). 
Generalized linear models (GLMs) have been widely
used in the context of epidemiology to model incidence
counts and rates of disease ( McCullagh and Nelder, 1989 ).
Brieﬂy, Poisson regression models are generalized linear
models with the Poisson distribution function as the as-
sumed probability distribution of the response. Poisson
models may be appropriate when the dependent variable
is a count, especially in the case where observed counts
include low numbers, such as the number of AIDS cases. 
As described in ( Fotheringham et al., 2002 ), GWR can
be extend to a GLM framework and ( Nakaya et al., 2005 )
provide details regarding extensions to Poisson regression.
The application of GWR ideas to Poisson regression, how-
ever, is slightly more complicated due to the non-linear
nature of the Poisson model and the inherent association
between the mean and variance ( Waller et al., 2007 ). 
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 Brieﬂy, let Y i denote the number of AIDS cases observed 
in municipality i in the state of Rio de Janeiro, i = 1, …,92. 
We assume that the numbers of AIDS cases in each mu- 
nicipality follow independent Poisson distributions. Con- 
ventional Poisson regression models do not allow variation 
in associations between geographical locations, but a Geo- 
graphically Weighted Poisson Regression (GWPR) allows us 
to examine spatial varying coeﬃcients over space ( Eq. 3 ). 
The model is deﬁned as: 
y 1 ∼ P oisson 
( 
N i exp 
( ∑ 
k 
βk ( u i , v i ) x ki 
) ) 
(3) 
where y i , x ki , and N i denote, respectively, dependent vari- 
able (the total number of AIDS cases), k th independent 
variable including the constant term and the offset vari- 
able corresponding to population size at risk (municipality 
population) at municipality i . ( u i ,v i ) is the geographic coor- 
dinate of the centroid of the i th municipality (the location 
of i ). The coeﬃcients βk ( u i , v i ) are assumed to be smoothly 
varying conditional on their location. While, in principle, 
one could estimate associations at a grid of regression 
points across the study area, since we have municipality- 
level data, we maintain the regional map and estimate 
(and map) associations for each municipality. 
In this paper, the weighting function, the bandwidth 
size and the best model regarding different independent 
variable subsets were determined by means of corrected 
Akaike information criterion (AICc) comparison ( Eq. 4 ): 
AICc ( G ) = D ( G ) + 2 K ( G ) + 2 K ( G ) ( K(G ) + 1 ) 
N − K(G ) − 1 (4) 
where D and K denote the deviance and the effective num- 
ber of parameters in the model with bandwidth G , respec- 
tively. N denotes the number of observations. 
The choice of geographical weighting functions and 
bandwidth size have an important role in the implemen- 
tation of GWPR, and involve a trade-off between bias and 
variance. A smaller bandwidth reduces the precision of lo- 
cal estimates since they are based on few observations, 
leading to large variance in the local estimates. A larger 
bandwidth generally produces greater smoothing, trading 
an increase bias for a reduction in variance in the local es- 
timates. 
Regression diagnostics were used to judge the goodness 
of ﬁt of the model. Simple correlation analyses were per- 
formed to ensure that the variables were not highly cor- 
related with one another, and the variance inﬂation factor 
(VIF) was used as an indicator of multicollinearity. Typi- 
cally, VIF value greater than 10 ( Marquardt, 1970; Neter et 
al., 1989; Kennedy, 1992 ) or even 5 ( Rogerson, 2001 ) sug- 
gest severe multicollinearity. 
We used the software GWR version 4.0.80 ( GWR4 de- 
velopment team 2014 ) and the R statistical software, ver- 
sion 2.14.2 (R Development Core Team, 2012 ) with the 
spgwr package ( Bivand et al., 2014b ) to implement a ge- 
ographically weighted Poisson regression approach to ex- 
ploring spatial non-stationarity in our data. We also used 
the spatstat ( Baddeley and Turner, 2005 ) and maptools 
( Bivand et al., 2014a ) packages in R for further analyses 
and map generation. 5. Results 
Fig. 1 displays the data geographically. All maps cate- 
gorize values by quartiles. The incidence of AIDS in the 92 
municipalities of Rio de Janeiro varied widely, ranging from 
0 to 0.43 per 10 0 0 population, with a median of 0.18. The
municipalities with the highest incidences are around the 
State Capital, at the bottom left of the map. Low AIDS inci- 
dence areas can be seen across the state and mostly occur 
in municipalities with small local population sizes. 
The spatial distribution of the selected socioeconomic 
and demographic variables showed the heterogeneous pat- 
tern of the study area. The Gini index ranges from 0.42 to 
0.62, pointing to the local presence of inequality across the 
whole state. Higher levels of education can be seen mostly 
in the municipalities from south and southwest. The stan- 
dardization of per capita income in a 0–1 interval reveals 
two bands of higher income, one at middle of the map, 
one at the bottom, and areas with lower income mostly at 
the northeast of the state. There is a clear cluster of ur- 
banized municipalities around the state capital, which is 
the metro-area of Rio de Janeiro state, and a clear cluster 
of municipalities with higher vulnerability at the top right 
of the map. 
Ordinary Poisson models have been widely used as dis- 
ease analysis tools. To examine the possible determinants 
of the geographical patterns in AIDS occurrence, traditional 
global Poisson regression were ﬁtted with an offset equal 
to the population of each municipality. The set of variables: 
Gini index (IndGini), income per capita (Incpc), urbaniza- 
tion (Urban), vulnerability (Vulner) and the HDI education 
component (HDIEdu) were used to investigate potential as- 
sociation with geographic distribution of AIDS. Table 1 dis- 
plays global Poisson regression results, starting with sig- 
niﬁcant univariate models and ending with a multivariate 
model including all of the covariates (model 11), where 
HDIEdu is no longer signiﬁcant. 
The global univariate models reveal that each of the se- 
lected covariates has signiﬁcant association with the AIDS 
cases at the global level, but such a model may mask po- 
tential local spatial variation in these associations. Thus, 
we ﬁt a GWPR beginning from the respective global mod- 
els. The comparison of obtained AICc values suggests im- 
provement in ﬁt over the global models where the model 
with poorest ﬁt contains only vulnerability as the explana- 
tory variable (model 4). Based on the AICc, we ﬁnd the 
best ﬁtting model to be the GWPR containing the covari- 
ates: Gini index, urbanization, vulnerability and income as 
the explanatory variables (model 10). 
All independent variables that were signiﬁcant in global 
Poisson regression analysis were tested for multicollinear- 
ity using the VIF (variance inﬂation factor) statistic, which 
was also performed to support the validity of the regres- 
sion results. The maximum VIF value of 5 is used for exam- 
ining the multicollinearity phenomenon ( Rogerson, 2001 ). 
The observed values of VIF for the variables in the model 
10 range from 1.7 to 4.6, suggesting that no serious multi- 
collinearity issues exist. 
We found signiﬁcant overdispersion in each of the 
global Poisson models indicating that all global models 
had variance exceeding the mean. Negative Binomial 
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Fig. 1. Descriptive maps of the AIDS incidence per 10 0 0, and the data set under consideration based on 92 municipalities of the state of Rio de Janeiro, 
Brazil – 2010. Data divided into quartiles. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 models ( Hilbe, 2011 ) provide a tool to account for overdis-
persion and might be more appropriate for the data in
this case. While Negative Binomial models provide a
probabilistic mechanism for allowing additional variation
in the model, this adjustment is general and ignores any
speciﬁc causes for the overdispersion. In our case, we
suspect the regression associations may vary by location,
which, if true, could result in overdispersion in any global
model ignoring such variation. In our study, we observed
that the parameter estimates of our models based on the
ordinary Poisson regression are not very different from
those based on the negative binomial GLM, suggesting
the negative binomial model simply adds unstructured
noise to account for the overdispersion. Poisson model
10 ( Table 1 ), for example, had moderate overdispersion
(parameter of overdispersion α=1.095). In addition, we
found that our GWPR models provide improvements in ﬁt
over the global models in all cases, supporting a case for
geographic variations in the associations. 
Model diagnostics are still under development for
GWPR, including tools for assessing overdispersion, and
our results suggest further study to further reﬁne such
conclusions. A recent study ( Silva and Rodrigues, 2013 )
proposes the Geographically Weighted Negative Binomial
Regression (GWNBR) method for the modeling of data with
overdispersion using the SAS %gwnbr macro, but conven-
tional software, GWR 4.0 and R, do not support the cal-
ibration of GWNBR yet. Given all of these considerations,
we focus on GWPR results below and continue to explore
these extensions in future research. 
The use of the ﬁxed weighting function and the opti-
mal bandwidth for the GWPR were, again, deﬁned based
on the smallest AICc. A common rule-of-thumb in the use
of AICc is that if the difference in AICc values betweentwo models is less than or equal to 2, there is no sub-
stantial difference in the performance of the two models
( Nakaya et al., 2005 ). Model 10 with ﬁxed Gaussian Kernel
has AICc equal to 167.41, and AICc equal to 168.43 when
the ﬁxed bi-square Kernel is used. Although there is no
substantial difference between those two weighting meth-
ods for the model 10 in terms of AICc, we prioritize the
lower bandwidth (approximately 46 Km), in order to avoid
overly smooth parameter surfaces, as we do have when the
bandwidth is 107 Km. 
A summary of parameter estimates for locally estimated
coeﬃcients in model 10 appears in Table 2 . The local pa-
rameters are described by the minimum, lower quartile,
median, upper quartile, and maximum of values across all
locations. We note some similarities between the median
coeﬃcients estimates and the global estimates of model 10
in Table 1. 
Visually, the estimated local parameter values have
clear patterns of spatial variation ( Fig. 2 ). We also tested
the geographical variability for each varying coeﬃcient,
which was carried out between the ﬁtted GWPR and a
model in which only the k th coeﬃcient is ﬁxed. We re-
peated this test routine for each geographically varying co-
eﬃcient, and, in terms of AICc comparison, the GWPR pro-
vides improved ﬁt over the model with the k th coeﬃcient
ﬁxed, suggesting that all the estimated coeﬃcients from
model 10 vary spatially. 
The maps indicate that the ﬁve parameter estimates are
not equal for all locations, although maps of vulnerabil-
ity and income estimates are quite similar. The associa-
tion between the AIDS cases and the Gini index showed
the largest spatial variation across the state, as evidenced
by the coeﬃcient range ( −0.433 to 31.1). All municipalities
had negative intercept and positive urbanization estimates.
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Table 1 
Global Poisson regression results and comparison with GWPR AICc. 
Model Coeﬃcients Estimate Std. Error z value Pr( > |z|) Global AICc GWPR AICc Gaussian 
Kernel Bandwidth 
GWPR AICc Bi-square 
Kernel Bandwidth 
1 Intercept −9 .608 0 .1082 −88 .83 < 0 .001 393 .1 255 .59 216 .59 
IndGini 2 .8596 0 .1932 14 .8 < 0 .001 (41 .14 Km) (82 .29 Km) 
2 Intercept −8 .3976 0 .0275 −304 .9 < 0 .001 363 .5 250 .62 216 .04 
Incpc 0 .8081 0 .0505 16 .01 < 0 .001 (41 .14 Km) (82 .29 Km) 
3 Intercept −11 .9177 0 .2883 −41 .34 < 0 .001 368 .5 283 .07 244 .62 
Urban 3 .9728 0 .2933 13 .54 < 0 .001 (41 .14 Km) (82 .29 Km) 
4 Intercept −7 .4904 0 .0466 −160 .9 < 0 .001 464 .9 335 .47 279 .13 
Vulner −2 .5509 0 .211 −12 .09 < 0 .001 (41 .14 Km) (82 .29 Km) 
5 Intercept −10 .8155 0 .1962 −55 .13 < 0 .001 406 .1 295 .94 247 .68 
HDIEdu 4 .0775 0 .2856 14 .28 < 0 .001 (41 .14 Km) (82 .29 Km) 
6 Intercept −11 .8513 0 .5718 −20 .73 < 0 .001 404 .5 294 .03 244 .59 
HDIEdu 5 .291 0 .6916 7 .65 < 0 .001 (43 .76 Km) (87 .53 Km) 
Vulner 0 .9724 0 .5011 1 .94 0 .0523 
7 Intercept −13 .7618 0 .4355 −31 .6 < 0 .001 218 .7 177 .41 174 .22 
IndGini 3 .055553 0 .2859 10 .688 < 0 .001 (45 .49 Km) (109 .03 Km) 
Urban 3 .843287 0 .3274 11 .738 < 0 .001 
Vulner 1 .377017 0 .3436 4 .007 < 0 .001 
8 Intercept −12 .5124 0 .4287 −29 .19 < 0 .001 228 .6 185 .43 184 .24 
IndGini 2 .27194 0 .4909 4 .628 < 0 .001 (46 .17 Km) (107 .70 Km) 
Urban 3 .31481 0 .3242 10 .226 < 0 .001 
Incpc −0 .01549 0 .1411 −0 .11 0 .913 
9 Intercept −11 .2678 0 .6022 −18 .71 < 0 .001 234 .7 197 .27 192 .61 
IndGini 1 .8125 0 .5122 3 .539 < 0 .001 45 .49 Km 90 .98 Km 
HDIEdu −2 .1447 0 .7429 −2 .887 0 .0039 
Urban 3 .5938 0 .3372 10 .656 < 0 .001 
Incpc 0 .4244 0 .2063 2 .057 < 0 .001 
10 Intercept −13 .2748 0 .4468 −29 .71 < 0 .001 206 .2 167 .41 168 .43 
IndGini 1 .448 0 .4957 2 .921 0 .0035 (46 .17 Km) (107 .08 Km) 
Urban 3 .6163 0 .3259 11 .097 < 0 .001 
Vulner 2 .6901 0 .4841 5 .557 < 0 .001 
Incpc 0 .751 0 .1913 3 .925 < 0 .001 
11 Intercept −13 .2791 0 .7484 −17 .75 < 0 .001 208 .5 174 .34 176 .62 
IndGini 1 .4486 0 .5022 2 .885 0 .0039 (47 .66 Km) (119 .93 Km) 
HDIEdu 0 .0063 0 .8812 0 .007 0 .9943 
Incpc 0 .7503 0 .2118 3 .543 < 0 .001 
Urban 3 .6158 0 .3336 10 .84 < 0 .001 
Vulner 2 .6923 0 .5724 4 .703 < 0 .001 
Table 2 
Summary of coeﬃcients results from GWPR. Model 10 with ﬁxed Gaussian Kernel. 
Coeﬃcients 
Minimum of 
coeﬃcients 
Lower Quartile 
of coeﬃcients 
Median of 
coeﬃcients 
Upper Quartile 
of coeﬃcients 
Maximum of 
coeﬃcients 
Intercept −18 .430 −14 .240 −13 .720 −13 .090 −10 .400 
IndGini −4 .333 0 .874 1 .527 5 .624 31 .080 
Urban 1 .038 2 .661 3 .527 3 .997 4 .526 
Vulner −15 .860 −0 .120 2 .019 3 .072 7 .950 
Incpc −15 .440 0 .232 0 .528 0 .917 3 .842 6. Discussion 
The ﬁrst cases of AIDS in Brazil were reported in Rio 
de Janeiro and São Paulo, but in Rio de Janeiro local 
rates remain high until the present day, especially among 
larger municipalities and areas located around the state 
capital. 
Model 10 ( Table 1 ) with Gaussian Kernel Bandwidth 
provided the best ﬁt among the GWPR models considered 
and a clear improvement in ﬁt over the global Poisson re- 
gression models. Even though previous research suggests 
the local level of education may relate to AIDS occurrence, 
any association with our education variable appears to be 
confounded with and dominated by the local economic indicators under consideration in our study. Since educa- 
tion has signiﬁcant association with AIDS at the univari- 
ate global model, we also considered a mixed model with 
education as a (global) ﬁxed effect with other terms vary- 
ing locally, but even this model did not reveal signiﬁcant 
associations between incidence and our education variable 
after accounting for the local economic effects. 
Some estimated coeﬃcients from model 10 ( Table 2 ) 
range from negative to positive over the study area. This 
feature indicates how GWPR successfully captured the spa- 
tially non-stationary and, on the other hand, how the 
global model 10 ( Table 1 ) can be misleading since averag- 
ing these local effects reveals a single impact assumed to 
hold across all regions. 
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Fig. 2. Model 10: Map of Coeﬃcients results from GWPR for the municipalities of the state of Rio de Janeiro, Brazil – 2010. Data divided into quartiles. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 As an example of the insight provided by GWPR, we
note that the geographic distribution of estimated vulner-
ability and income associations ( Fig. 2 ) reveals a gradient
effect in the map. In the area on the top right of the map
(A) Gini Index is the covariate with the strongest impact.
In the area B, the impact of urbanization is stronger. These
maps suggest that there are different local factors and a
different mix of local factors driving AIDS incidence across
the state. 
Most of the municipalities near the label “A” on the
map have similar estimated parameters. This is not an en-
tirely homogeneous area, but a region with geographically
structured urban and rural municipalities, and wide ranges
of inequality and vulnerability. GWPR results reveal similar
intercepts, higher Gini index coeﬃcients, and most of the
lower urbanization coeﬃcients. It is also an area with neg-
ative parameters for vulnerability and income. Some asso-
ciations are expected, for example: inequality expressed by
the Gini index has a positive association with AIDS, and in-
come has a negative association, suggesting that areas with
higher income tend to have lower AIDS incidence. On the
other hand, urbanization is less associated with AIDS inci-
dence near label “A” than in other areas. Another unantic-
ipated local result involves municipalities with higher vul-
nerability, which are more likely to experience lower AIDS
incidence. 
Most of the municipalities from west and northwest of
the state have similar estimated parameters, especially for
the Gini index (negative coeﬃcients), vulnerability and in-
come (positive coeﬃcients), although the intercepts and
the urbanization parameters are fairly different. From the
GWPR results for this area we can assume that municipal-
ities with high Gini index tend to have lower AIDS inci-
dence, and municipalities with high vulnerability and in-come tend to have high AIDS incidence. It is worth noting
that this region does not have as high AIDS incidence as
observed in other areas. 
The metropolitan region of Rio de Janeiro has a clear
cluster of high AIDS incidence. Mapped GWPR results re-
veal municipalities from the metro-area along with some
neighbors in dark grey, regarding the high positive associa-
tion between urbanization and AIDS. In our data and based
on GWPR coeﬃcients from Model 10, urbanization best ex-
plains AIDS in most municipalities from the metropolitan
region, followed by vulnerability among the local variables
considered. Furthermore, most of the municipalities have
estimated income parameters close to zero, indicating that
in these parts of the study area, changes in this variable
do not strongly inﬂuence changes in the AIDS incidence. 
7. Conclusions 
This study explored local variations in the associations
between AIDS and socioeconomic and demographic vari-
ables at the municipal level in the state of Rio de Janeiro,
Brazil. Univariate global Poisson models were used as a
starting point to investigate these associations. The Gini
index (a measure of inequality), urbanization, income per
capita, vulnerability index and the Education component of
the Municipal Human Development Index – HDI, all for the
year 2010, was found to be signiﬁcantly associated to AIDS.
This research also demonstrated the use of GWPR to exam-
ine spatial varying coeﬃcients across the study area. 
Many studies ( Greco and Simão, 2007; Hixson et al.,
2011; Shacham et al., 2013; Pires et al., 2014 ) have sug-
gested that higher AIDS incidence often appears in the
most urbanized and most deprived areas. The positive
and signiﬁcant impact of inequality (Gini index) and
92 A.T.J. Alves et al. / Spatial and Spatio-temporal Epidemiology 17 (2016) 85–93 
 
 
 
 
 urbanization (models 1 and 3 – Table 1 , respectively) on 
local AIDS incidence in our study is consistent with most 
previous ﬁndings. However, even though all the univari- 
ate models showed signiﬁcant association between AIDS 
and the selected set of covariates, some of these global 
associations were not as expected, e.g., those expressed 
in the models 2, 4 and 5 ( Table 1 ), which indicate that 
municipalities with higher income per capita, or higher 
education index, are more likely to have higher AIDS 
incidence, and municipalities with high vulnerability index 
are more likely to have lower AIDS incidence. 
Global model 10 ( Table 1 ) has a negative intercept and 
presents positive associations between all the predictors 
and the outcome variable. GWPR models, however, reveal 
that this may not be the case and that the interpretations 
associated with the global parameter estimates may not 
be accurate within each municipality. A comparison of the 
AICc values suggests that all the GWPR models outperform 
the global models. The GWPR parameters vary spatially, 
suggesting that the effects of predictors on AIDS incidence 
are not constant across the state, as assumed by the global 
models. 
As can be seen from Table 2 , the signs of estimated 
coeﬃcients for GWPR model 10 are not always the same. 
Except for the urbanization, most of the lower quartiles 
are composed by negative coeﬃcients. The fact that the 
estimated coeﬃcients ranged from negative to positive 
over the study area do not emerge with traditional global 
terms, pointing the importance of GWPR speciﬁcation. Fig. 
2 shows, for example, that more than a quarter of munic- 
ipalities have negative vulnerability coeﬃcients. Therefore, 
the association between vulnerability and AIDS is not al- 
ways negative, as found out in the univariate global model 
4, or always positive as in the global model 10. 
This complex spatial heterogeneity in the local associ- 
ations indicates how the socioeconomic and demographic 
factors might have greater effect on AIDS incidence in 
some areas and not in others. The AIDS epidemic in the 
metropolitan region of Rio de Janeiro, for instance, follows 
previous ﬁndings having positive association with urban- 
ization, vulnerability and inequality, while estimated in- 
come coeﬃcients are close to zero. In fact, this region has 
municipalities with high income per capita, as the state 
capital, and at the same time peripheries with the low- 
est income brackets. Thus, it is reasonable to assume that 
in the metro-area income does not fully explain AIDS in- 
cidence. In contrast, most of the municipalities from the 
north and northeast regions have moderate association be- 
tween AIDS and urbanization, high positive association be- 
tween AIDS and inequality (Gini index), and high nega- 
tive association with vulnerability and income. In this area, 
municipalities with higher income are more likely to have 
lower AIDS incidence, with a similar impact on vulnerabil- 
ity. 
These patterns support the hypothesis that the associ- 
ations between AIDS and local socioeconomic and demo- 
graphic characteristics vary geographically across the study 
area. However, further analysis is required to explore the 
underlying causes. The analysis presented in this paper is 
valid at the municipal level, but the calibrated GWPR mod- 
els must not be transferred to other regions since they pro- duce a set of local parameters for the speciﬁc geographic 
region of Rio de Janeiro, Brazil. 
Alternative variables could also be applied to explore 
their impact on AIDS incidence, such as the quality of 
HIV/AIDS treatment, AIDS comorbidities or further covari- 
ates associated with the local health system. However, 
since additional variables were not available at the mu- 
nicipal level for the study period, such analysis is beyond 
the present scope and may be considered in further work. 
Further exploration of overdispersion and GWNBR method 
will be considered in future works as well. 
The ﬁndings of this study can help to target regional 
public health actions related to the AIDS occurrence. The 
GWPR results may be useful for public health planners en- 
gaged with reviewing regional policy and services. It is 
also our understanding that the spatial approach employed 
in the study may be useful to identify and monitor high- 
incidence areas for changes in both incidence and asso- 
ciations, helping to guide continued health planning and 
disease control programs, bringing them in line with the 
socioeconomic, demographic and epidemiological proﬁles 
of municipalities and the local associations between these 
and AIDS incidence. 
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